Abstract: It is necessary to test for equivalence of measurements across groups to guarantee that comparisons of regression coefficients or mean scores of a latent factor are meaningful. Unfortunately, when tested, many scales display non-equivalence. Several researchers have suggested that non-equivalence may be used as a useful source of information as to why equivalence is biased and proposed employing a multilevel structural equation modeling (MLSEM) approach to explain why equivalence is not given. This method can consider a latent between-level factor and/or single contextual variables and use them to explain items' non-equivalence. In the current study we show that this method may also be useful for social science studies in general and for survey research and sociological comparative studies in particular when one fails to establish cross-group equivalence. We utilize data from the International Social Survey Program (ISSP) national identity module (2003) to test for the cross-country equivalence of a scale measuring attitudes toward granting citizenship rights to immigrants. As expected, the scale fails to achieve scalar equivalence. However, we explain a significant part of the most non-equivalent intercept by a latent between-level factor and one contextual variable, namely, the percentage of foreigners in the country relying on group threat theory. We show that the method does not necessarily rectify non-equivalence but it can help to explain why it is absent. It is necessary to test for equivalence of measurements across groups to guarantee that comparisons of regression coefficients or mean scores of a latent factor are meaningful.
Introduction
Comparative sociology requires that concepts are equivalent (i.e., measurement invariant) across countries, cultures, regions, or time points 1 . Various statistical procedures have been developed to test for measurement equivalence. Yet such statistical analyses often suggest that concepts are not comparable after all (see, e.g., Ariely and Davidov 2011; Billiet 2003; Meuleman, Davidov, and Billiet 2009; Davidov 2008 Davidov , 2009 Davidov, Schmidt, and Schwartz 2008; De Beuckelaer, Lievens, and Swinnen 2007; Van der Veld and Saris 2011) . As a result, researchers are confronted with the question of what useful information their data can provide even though it lacks equivalence across their groups under study (Byrne and van de Vijver 2010; Fischer, Milfont, and Gouveia 2011; Fontaine et al. 2008 ). This problem is particularly troublesome nowadays given the abundance of multicountry and longitudinal surveys. These surveys have the potential to provide useful information about similarities and differences across countries and over time. However, they also involve the risk that such comparisons may be problematic when equivalence is not given. On the one hand, if researchers ignore the finding that concepts are not comparable and continue with substantive comparative work, it could well be the case that findings are biased and conclusions may not be meaningful, as several previous studies have demonstrated (see, e.g., Kuha and Moustaki 2015) . On the other hand, if researchers decide in such a case to refrain from any comparisons, it may have the consequence that data are not exhausted and their potential is not realized. Therefore, several methodologists have proposed that when equivalence is not established across groups, researchers may try to explain why it is not given ).
In the current study we are going to present for this purpose the use of multilevel structural equation modeling (MLSEM). We will demonstrate that the method can also be applied for explaining non-equivalence of sociological or other social scientific concepts in a theoretically driven way. The methodology and technique we are going to present and apply 1 In the current study we will use the concepts invariance or equivalence interchangeably. Both are commonly used in the literature.
in the study are not new. They have been reported in previous (recent and older) studies (see, e.g., Cheung and Au 2005; Davidov et al. 2012; Jak et al. 2014a, b; Hox 2010; Muthén 1989 Muthén , 1994 Muthén , 2011 Rabe-Hesketh et al. 2004 ). However, even though several researchers have underlined the importance of explaining non-invariance rather than only testing for it, we
have not seen any application of this method in comparative studies in the social sciences (other than psychology), where 'real' survey data from large population studies are used and sociological contextual variables are applied to explain non-invariance (for an exception in the psychological literature, see Davidov et al. 2012) . After all, many invariance tests fail to establish full or even partial invariance. Therefore, we find it extremely important to also introduce this method to survey researchers and comparative social scientists and provide an example of its practical application on theory and measurements which are more appealing to this readership.
The study will focus on a scale from the International Social Survey Program (ISSP) national identity module to measure attitudes toward granting citizenship rights to immigrants. This scale has been often employed but its equivalence properties have not been tested across a large set of countries. This has been the case for most other scales in the ISSP as well (for a few exceptions, some of which focus on a small set of countries or on other scales in the ISSP, see Braun, Behr, and Kaczmirek 2013; Davidov 2009 Davidov , 2011 Raijman et al. 2008; Rammstedt, Goldberg, and Borg 2010; Reeskens and Hooghe 2010) . In the current study we will test its equivalence across the ISSP countries and try to explain the absence of equivalence in one of its items in a theoretically driven way.
We proceed in the following way. First, in the Measurement invariance section, we will describe what measurement invariance is and explain how it can be tested using multigroup confirmatory factor analysis (MGCFA). Second, in the section What can be done when measurement invariance is not given?, we will list strategies for dealing with a situation in which measurement invariance is not given. Third, in the section Using multilevel structural equation modeling to explain non-invariance, we will present the method of multilevel structural equation modeling (MLSEM) and show how it may be used to explain non-equivalence. Fourth, in the Theory section, we will provide some theoretical mechanisms leaning on group threat theory for explaining why measurement invariance may be absent and formulate an empirically testable hypothesis for the explanation. Fifth, in the Data and measurements section, we will present the ISSP data we are using to illustrate this procedure as well as the individual and country-level measurements included in the analyses. In particular, we will describe the measurement of the concept of willingness to grant citizenship rights. In the Statistical analysis section we will test the invariance properties of the scale and then use MLSEM to test our hypothesis and explain the cross-country non-equivalence of one of the scale's items. We will close with a summary which includes a discussion of the limitations of the MLSEM method for explaining non-equivalence as well as with some concluding remarks.
Measurement invariance
Measurement invariance can be defined as "a property of a measurement instrument (in the case of survey research, a questionnaire), implying that the instrument measures the same concept in the same way across various subgroups of respondents" (Davidov et al. 2014:58) .
Horn and McArdle (1992:117) define measurement invariance as "whether or not, under different conditions of observing and studying phenomena, measurement operations yield measures of the same attribute". Thus, testing for invariance of measurements across countries and over time is necessary before meaningful comparisons of relationships and means may be conducted (Billiet 2003) . Indeed, measurement invariance is a necessary condition that ensures that question items are perceived in a similar way and may be compared (Byrne and van de Vijver 2010) . Because measurement invariance is a precondition of meaningful comparisons across groups, it is recommended to test it empirically before conducting the substantive analysis. There are several methods to test for measurement invariance, and among them, multigroup confirmatory factor analysis (MGCFA, Jöreskog 1971; Bollen 1989 ) is most often used. This method involves setting cross-group constraints on parameters and comparing more restricted models with less restricted ones (Steenkamp and Baumgartner 1998; Vandenberg and Lance, 2000 , but for other methods see, e.g., Davidov, Schmidt, and Billiet 2011) .
Researchers usually distinguish three basic levels of measurement invariance:
configural, metric, and scalar (Vandenberg and Lance 2000) , and each level is defined by the parameters constrained to be equal across groups. Configural invariance requires that identical latent variables are measured by the same items in all groups. Metric invariance requires that loadings of items on the latent variable are equal across groups. Scalar invariance means that both factor loadings and indicator intercepts are equal across groups (Vandenberg and Lance 2000) . The configural level of measurement invariance ensures that the structure is similar across groups. Metric invariance justifies the assumption that the meaning of the latent variable in all groups is the same and allows correlates of the measured variable (covariances, unstandardized regression coefficients) to be compared across groups. Scalar invariance indicates that respondents use the scale in the same way in each group and allows the latent means to be compared across groups Vandenberg and Lance 2000) .
The model fit of the configural level is the baseline against which the more constrained models are compared and analyzed. To assess whether a given level of measurement invariance is established, model fit measures are compared between the more and less constrained models (Chen 2007 ). Whereas lower levels (i.e., configural or metric) of invariance are often supported by the data in cross-national studies, this becomes increasingly seldom when higher levels (i.e., scalar) of invariance are tested across cultures or countries.
Indeed, scalar non-invariance constitutes one of the most serious threats to cross-cultural research, and it is also the focus of the present study.
What can be done when measurement invariance is not given?
The question arises as to what can be done when measurement invariance is not given. Up to now, two solutions have been used most often in the literature (Davidov et al. 2012 ): The first one suggests eliminating non-invariance and the second one suggests liberalizing the criteria that provide evidence for invariance. Following the first solution it is possible to drop from further analysis those groups where non-invariance was identified or to release constraints on items which were identified as non-invariant. Unfortunately, both possibilities have disadvantages. Dropping groups implies losing data and information; therefore, this procedure may affect the substantive conclusions and limit further research. Releasing constraints on specific items builds on the concept of partial measurement invariance (Byrne, Shavelson, and Muthén 1989; Steenkamp and Baumgartner 1998) . Partial invariance is supported when the parameters of at least two indicators per construct (i.e., loadings for partial metric invariance and loadings plus intercepts for partial scalar invariance) are equal across groups. According to Byrne et al. (1989) and Steenkamp and Baumgartner (1998) , partial invariance is sufficient for meaningful cross-group comparison. However, more recent studies question whether partial invariance may indeed be sufficient (de Beuckelaer and Swinnen 2011; Steinmetz 2011 ).
The approach which suggests liberalizing the criteria that provide evidence for invariance was recently proposed by Muthén and Asparouhov (2013) who argued that the commonly used criteria for evaluating measurement invariance are too strict. Instead, they proposed testing for approximate measurement invariance (see also van de Schoot et al. 2013 ). Approximate measurement invariance allows small differences in loadings or intercepts across groups. Moreover, testing for approximate measurement invariance can be performed within the Bayesian SEM framework Muthén and Asparouhov 2013; van de Schoot et al. 2013; Zercher et al. 2015) .
Both solutions discussed above assume that non-invariance prevents researchers from carrying on with conducting a meaningful, theoretically driven analysis and from drawing meaningful conclusions about cross-cultural similarities or differences. We propose to reconceptualize the problem and investigate why invariance is not found. After all, measurement non-invariance can provide interesting information about differences or similarities across groups. In the next section we will show how (MLSEM) can be used to explain measurement non-invariance.
Using multilevel structural equation modeling to explain non-invariance
Although MLSEM was introduced some two decades ago (cf. Cheung and Au 2005; Hox 2010; Muthén 1985 Muthén , 1994 , its further development has been the focus of more recent empirical investigation (Cheung and Au 2005; Davidov et al. 2012; Jak et al. 2014a, b; Hox 2010; Muthén 1989 Muthén , 1994 Muthén , 2011 Rabe-Hesketh et al. 2004 ). However, its application has become more accessible to applied researchers in recent years only after its inclusion in structural equation modeling software packages such as Mplus Muthén 1998-2014) . To the best of our knowledge, it has not yet been applied in sociology. The basic concept of MLSEM, like in multilevel regression models, is to decompose the variability of the indicators into individual ("within") and contextual ("between"; e.g., country) variability.
In order to use MLSEM techniques to explain scalar measurement non-invariance, we proceed in four steps. In the first step we propose to test for measurement invariance using an MGCFA. The advantage of first using an MGCFA is that it allows testing systematically for different levels of measurement invariance. In the second step we propose fitting the data in a multilevel CFA. Metric invariance and absent scalar invariance are reflected in a multilevel
CFA by a significant unexplained between-level variance of at least one item's error term. A significant between-level error term implies that the intercept of the corresponding item is considerably different across groups (Davidov et al. 2012) . In the third step we propose testing whether a between-level latent variable may already account at least partially for the between-level error variance of an item. Finally, in the fourth step, we propose adding, in a theoretically driven way, contextual predictors of the between-level error term to explain scalar non-invariance of the corresponding item. between-level error variance in the indicators as captured in the multilevel analysis by the random components implies unequal item intercepts or deviations from scalar equivalence for models with equal factor loadings across groups (Davidov et al. 2012; Kim et al. 2015) .
Furthermore, several authors have argued that, to perform meaningful MLSEM, specific assumptions have to be made about measurement invariance. Cheung, Leung, and Au (2006:523) , for example, stress that the within-factor structure should hold across groups and propose to test this assumption with meta-analytic structural equation modeling (MASEM). Fontaine (2008:77-78) similarly emphasizes that relations between latent factors and indicators should be identical (or very similar) across groups and that the country-level error terms should be (very close to) zero. 3 Others suggest that the loadings of corresponding items should be equal across levels (Jak, Oort, and Dolan 2014a) .
In this study, we argue that in order to draw meaningful conclusions from MLSEM, equal within-level factor loadings and item intercepts are required (Steenkamp and Baumgartner 1998) (but not necessarily equal loadings across levels; see Kim et al. 2015, p. 606) . When these assumptions are not met, correcting for measurement non-invariance or explaining it at least partially is a sensible option (Fontaine 2008:78) .
A further "correction" or explanation of non-invariance is subject of the fourth and last step of the procedure. Cross-group differences in the parameters (e.g., intercepts) are taken into account by including single (individual and/or) contextual predictors in the model (see Jak 2014; Jak et al. 2013 Jak et al. , 2014a , hence explaining scalar measurement non-invariance. In Figure 1b , which corresponds to step 4, the above introduced MLCFA is extended to an MLSEM by including a country-level predictor variable, and this is typically called a zvariable in multilevel analyses. The corresponding general formula for a two-level SEM with one latent variable at each level is given below the figure. In the following, we will illustrate how the method may be used to explain scalar noninvariance for the measurement of respondents' willingness to concede citizenship rights to immigrants as measured in the ISSP national identity module data. The present demonstration will show first how to model a two-level CFA. Then, by including a context-level predictor and extending the two-level CFA into a two-level SEM, it will illustrate how scalar noninvariance of one of the items is significantly accounted for in this way. The following theoretical discussion is presented to justify the use of a specific country-level variable, the size of the immigrant population in a country, to explain scalar non-invariance.
Theory
As countries' citizenship rights are commonly conceived of as a means for social closure willingness to concede citizenship rights to immigrants.
As stated above, the willingness to grant citizenship rights to immigrants differs on the exclusive-inclusive dimension. Likewise, Raijman and colleagues contend granting citizenship rights to immigrants to be a crucial test of a liberal attitude to foreigners' incorporation into the host society (Raijman et al. 2008:204) . At the same time, willingness to grant citizenship rights to immigrants indicates a more inclusive attitude than willingness to grant citizenship rights to foreigners' children born and socialized in the country. Indeed, as countries with larger immigrant populations are expected to be more threatened due to immigration (than due to immigrants' children), incorporating legal immigrants into the national community can be assumed as a larger threat than incorporating the children of immigrants into the national community. Therefore, we propose the following hypothesis between the contextual independent (macro) variable and the dependent (macro) observed variable:
H2 The larger the immigrant population rate in a country, the lower the level of willingness to concede equal rights to legal immigrants (as compared to their offspring).
As will be shown below, two items in our scale measuring willingness to grant citizenship rights refer to immigrants' children whereas only the third item refers to immigrants per se. Based on the explanations above we expect this item to behave differently than the other two items, and we assume that its specific cross-country variation may be accounted for, at least partly, by the relative size of the immigrant population in a country.
Next, we turn to the empirical test where we first assess the invariance properties of the scale measuring attitudes toward granting citizenship rights to immigrants by an MGCFA analysis and then try to explain the non-invariance in this specific item.
Data and measurements
Individual-level data comes from the National Identity type scale ranging from 1 (agree strongly) to 5 (disagree strongly). For easier interpretation 4 We treated East and West Germany as well as Israeli Arabs and Israeli Jews separately in our analysis. Due to missing information on the contextual level, Taiwan had to be excluded from the analysis (cf. the Appendix). Thus, a total number of 35 groups was included in the analyses. 5 Further details on data collection and documentation can be downloaded from http://www.gesis.org/issp/isspmodules-profiles/national-identity/2003/; the data can be downloaded at no cost from http://zacat.gesis.org/webview/index.jsp?object=http://zacat.gesis.org/obj/fStudy/ZA3910 6 Note that this is the only item which refers to immigrants themselves rather than to their children.
we reversed the answer scale and subtracted one unit (i.e., the new scale ranged from 0 "disagree strongly" to 4 "agree strongly").
The size of the immigrant population was assessed using the average percentage of the foreign born population in a country (including refugees) from 1995 to 1999 (The World Bank Group 2014). The respective percentages for each country included in our analyses are documented in the Appendix.
Statistical analyses

Descriptive statistics
Reflective indicators that belong to the same latent variable are expected to be highly correlated (Byrne 2010) . To test this expectation we computed the observed correlations and covariances of the three indicators. The results are reported in Table 1 . The correlations on the individual level ranged between 0.265 and 0.378. The correlations on the country level were somewhat stronger, ranging between 0.344 and 0.633. Altogether, the results confirmed our expectation of sufficiently strong correlations thus allowing us to conduct a CFA for the three indicator variables on both levels. 
Testing for invariance (Step 1)
We tested the measurement invariance properties of the scale across countries by comparing the global fit measures of higher levels of invariance (with more restricted parameters) to those of lower levels of invariance (with fewer restricted parameters). We also inspected the change in the global fit indices between the measurement invariance levels. The results are presented in Table 2 . Table 2 about here To evaluate the global fit indices we followed the recommendations proposed by Hu and Bentler (1999) , Marsh, Hau, and Wen (2004) , and West, Taylor, and Wu (2012) Table 2 demonstrates, according to the cut-off values outlined above, the global fit measures of the metric invariance model fit the data very well.
To evaluate the change in the global fit indices between the metric and scalar levels we followed Chen's (2007) recommendations for samples larger than 300. According to Chen, a change in CFI less than .01, a change in SRMR less than .01, and a change in RMSEA less than .015 when moving from metric to scalar level of measurement invariance indicate the presence of scalar measurement invariance. Because the observed changes for CFI (Δ = .352), SRMR (Δ = .078), and RMSEA (Δ = .108) undoubtedly exceeded the recommended cut-off criteria, we ascertained the lack of scalar measurement invariance of respondents' willingness to concede citizenship rights to immigrants across ISSP countries. In addition, we inspected the size of local misspecifications in the scalar invariance model using the software package Jrule (Oberski 2009 ) according to the recommendations of Saris, Satorra, and van der Veld (2009) . These findings revealed that the intercept of the three items in the scalar invariance model was misspecified in most countries thus supporting the conclusion that the model lacks scalar measurement invariance. 7 It should be noted that whereas the MGCFA tells how many countries significantly deviate from the common intercept, MLCFA tells us how large the (squared) sum (variance components) of the deviations from the common intercept is, independent of how many countries contribute to scalar measurement non-invariance.
Multilevel CFA and multilevel SEM (Steps 2 -4)
In this part of the analysis we tried to explain the non-invariance observed in the previous section. First, we estimated a two-level model for which a latent factor was only estimated at Level 1, whereby the indicator variables measuring willingness to grant citizenship rights were allowed to have between-level variability (Step 2, see Figure 2a ). Then we extended the model to a full two-level CFA by including a latent factor at the between-level (Step 3, see Figure 2b ). Finally, we regressed the between-level latent variable as well as the jus domicile item (i.e., the item's j  ) on the percentage of foreign-born population of a country to test Hypotheses 1 and 2 (Step 4, see Figure 2c ). Table 3 presents the results of these three models.
The graphical representation of the results is displayed in Figures 2a to 2c . Table 3 and Figures 2a to 2c about here The global fit measures of Model 1 (model without a level-2 latent factor) displayed significant between-level variances (random components) for all three indicator variables, confirming that scalar invariance was absent for all of them. The jus domicile item, which measured the willingness to concede citizenship rights to legal immigrants, turned out to have the largest country-level variability (0.111), followed by the jus solis (0.077), and jus sanguinis (0.045) items. This model did not have satisfactory model fit as indicated by the SRMR global fit measure for the between-level part of the model (0.368). Introducing the between-level latent factor for citizenship, as was done for Model 2 (2-level CFA), led to an acceptable model fit.
8 The between-level residual variance (random component) of the jus 8 Some authors (cf., for instance, Jak et al. 2014b ) suggest that fitting a MLCFA that represents metric invariance across groups requires imposing an equality constraint on the factor loadings of corresponding items across levels. We think that this requirement is too strict for our purposes because it tests for a different and more restrictive model than we actually need (see also Kim et al. 2015 ; see also Chen et al. 2005 ). In addition, it does also not hold for a lot of applications in sociology. Since the Level 1 factor loadings of jus sanguinis and jus domicile ( however, in our case unchanged even when similarity constraints on the loadings across levels are imposed (output demonstrating this result may be received from the second author upon request). 9 In addition, the Akaike information criterion (AIC; Bollen 1989) was lowest for Model 3. Since multilevel data have a different sample size at different levels, the interpretation of the AIC is more straightforward than that of the Bayesian information criterion (BIC; Bollen 1989) and, therefore, the recommended choice (cf. Hox 2010:51).
Summary and conclusions
Comparative sociology requires that the concepts under study are equivalent. However, it is often the case that statistical analyses fail to establish equivalence, particularly scalar equivalence, across the groups studied (i.e., countries, cultures, or time points). Failing to establish equivalence is a serious problem, because comparative analysis that ignores the absence of measurement invariance runs the risk of drawing wrong conclusions Kuha and Moustaki 2015; Steenkamp and Baumgartner 1998) . Computation of incorrect group means may result in severely biased group rankings (Little 2013; Little, Lindenberger, and Nesselroade 1999; Steinmetz 2011 Steinmetz , 2013 , and computing erroneous associations in different groups may result in wrong conclusions about relations between variables of interest. This problem is particularly worrisome nowadays when the number of international and longitudinal surveys and the potential for performing comparative studies are higher than ever. Instead, several researchers have suggested that measurement noninvariance may also be considered as a useful source of information as to why invariance is not given. Recent methodological literature has shown how multilevel SEM may be used systematically to understand why invariance is absent. This represents a more sociological approach toward explaining scalar non-invariance in the sense of an extended measurement theory (Bollen 1989; Hempel 1952) than the classical differential item functioning analysis using only individual attributes like gender or age as predictors of item bias (Lee, Little, and Preacher 2011) 10 . MLSEM allows researchers to consider context-level variables that may explain, ideally in a theoretically driven way, why the parameters of a certain item (e.g., the intercept) vary across groups. As such, it can be used as a valuable tool to explain scalar non-10 A major difference between MLSEM and the detection of differential item bias (see, e.g., Lee et al. 2011; Muthén, Kao, and Burstein 1991; Thompson and Green 2013; Woods 2009 ) is that the former allows for explanations of item bias both on the context and individual levels of analysis whereas the latter allows for such explanations particularly on the individual level (Bollen 1989) .
invariance. This is of particular relevance because it enables researchers to draw upon sociological theories to understand why measurements are not comparable across countries.
In this study we presented the MLSEM method to a sociological audience and demonstrated that the method can also be used to address and explain non-equivalence and item bias of sociological concepts in a theoretically driven way. The methodology and technique we presented and applied in this study are not new. However, we are not aware of any publications applying MLSEM in sociology to explain non-invariance, even though several researchers have recently underlined the importance of explaining non-invariance rather than only testing for it. This neglect is unfortunate because MLSEM may prove itself to be a powerful tool to explore and better understand the groups under study and potential differences in their measurement properties and response patterns. We began by explaining what measurement invariance is and how it may be tested using MGCFA. Then we presented the MLSEM method and clarified how it may be used to explain non-invariance.
For the empirical examination we used a scale from the ISSP national identity module from 2003 to measure attitudes toward granting citizenship rights to immigrants. This scale has been often employed 11 , but its invariance properties have not been tested across a large set of countries. The invariance test revealed that whereas metric invariance across countries was supported by the data, scalar invariance was not supported by the data. It was notably absent in one of the three items measuring the agreement with the statement that legal immigrants who are not citizens should have the same rights as country citizens. MLSEM was performed to try to explain scalar non-invariance in this item. Our analyses were conducted in four steps:
Whereas the first step was the MGCFA to test for measurement (non)invariance, in the second and third steps we employed MLCFA. In the former we did not include a betweenlevel latent variable, and in the latter we added it to the model. et al. 2002; Schneider 2008 ; other authors refer to it as a measure of threat to the national cohesion, the culture, and the community, see, e.g., Ceobanu and Escandell 2011; Gorodzeisky and Semyonov 2009; Schlüter and Scheepers 2010) . Using this contextual measure and relying on group threat theory (Quillian 1995) , we successfully explained part of the cross-country variation in the item intercept. In contrast to the publications mentioned above, we demonstrated that threat may not only be related directly to attitudes toward immigrants per se. Instead, it may also have an additional direct association with some of its specific measures. Such associations may prevent the attitudes scale to be invariant across countries. It must be noted, however, that we still could not explain all the between-group variance of the intercept of the item, thus suggesting that there still must be other nonidentified contextual variables influencing the intercept's variation across countries.
In sum, the method demonstrates that even when measurement invariance is not supported by the data, it is still possible for researchers to try to understand why it is not
given. Such an attempt may yield significant benefits in sociology: A full account of noninvariance by contextual variables may actually rectify non-invariance (Hox 2012, personal communication) . The main challenge, however, for applying this type of approach is the selection of meaningful contextual predictors to explain non-invariance. In addition, a possible additional drawback of the approach is that it requires a sufficient amount of countries to identify the model and allow for a meaningful multilevel analysis (see, e.g., (v60a) at Level 2 was non-significant (p = 0.996) and has been fixed to zero for this reason. Since after controlling for the z-variable "Foreign Born" the factor loadings of jus domicile became nearly identical across both levels (0.782 for Level 1 and 0.776 for Level 2), an equality constraint was imposed on its factor loadings across levels (Model 3). The substantive implications do not change when the constraint is removed from the model. Level 2 predictors were tested one-tailed. Note: *p < 0.05, all other coefficients are significant at the 1% level (p < 0.01); standardized coefficients in parentheses. Factor loadings of "jus domicile" were constrained to be equal across both levels.
